Abstract In planning of water resource projects, the estimation of the availability of water plays an important role. The first step in the water availability estimation is the computation of runoff resulting from the precipitation on river catchments. The length of the runoff measured in a stream may be of short period or long period depending upon the catchment characteristics. Keeping this in mind the present work is focused on two different model generation. In the first phase of this study, runoff rating curves are developed considering present day water level (H(t)) as input and present day runoff (Q(t)) as the model output. In the second phase of the study runoff prediction models are developed considering 1 day lag water level (H(t À 1)), 2 day lag water level (H(t À 2)) and 1 day lag runoff (Q(t À 1)) as inputs and 1 day ahead runoff (Q(t + 1)) as the output of the model. Models developed and used for prediction of runoff are Non-Linear Multiple Regression (NLMR) and Adaptive Neuro-Fuzzy Inference System (ANFIS). Both the models were trained and tested to predict the performance of models. Genetic Algorithm (GA) is then coupled with NLMR model to obtain the condition of hydrological parameter for which the runoff is maximum.
Introduction
In the planning of water resource projects, the estimation of the availability of water plays an important role. Also, the prerequisite for any watershed development plan is to understand the hydrology of watershed and to determine runoff yield. The first step in the water availability estimation is the computation of runoff resulting from the precipitation on river catchments. The length of the runoff measured in a stream may be of short period or long period depending upon the catchment characteristics. This study deals with the runoff prediction models using ANFIS techniques. The ANFIS models are used for prediction of cumulative inflow into Hirakud reservoir during monsoon. In past, the conventional modeling techniques were applied to the rainfall-runoff processes and reported by many researchers in the field of water resource management. Some of them were presented by Hino [13] , Kitanidis and Bras [18] , Bar-Shalom [4] , Burnash et al. [6] , Georgakakos and Smith [12] , Hoggan [14] , Bertoni et al. [5] , James et al. [16] , Garrote and Bras [11] , Mukherjee and Mansour [21] . Yu and Tseng [31] presented a worldwide comparison of flood estimation methods. Kothyari et al. [20] analyzed all the available data from small, non-snow-fed catchments and developed a simple deterministic model for monthly runoff estimation. Raman and Sunil Kumar [25] employed an ANN to model a multivariate water resource time series and compared the results to those obtained by traditional Auto Regressive Moving Average (ARMA) models. The objective was to synthesize monthly inflow data for two reservoir sites in the Bharathapuzha basin in south India. A three layer feed forward Artificial Neural Network (ANN) with back propagation was used in the study. The consecutive normalized inflows in to the reservoir for two previous months were chosen as inputs. The output was the normalized inflow for the current month. They concluded that the results obtained using the ANN compared well with those obtained using statistical models.
Kothyari [19] devised a simple method for the estimation of monthly runoff for the monsoon months of June-October. One of the parameters of this method was found to vary with the catchment area, the percentage of forest cover in the catchment and the monthly average temperature. The value of another parameter of the proposed method was found to be constant during any 1 month in a hydrologically homogeneous region. Carriere et al. [7] developed a virtual runoff hydrograph system that employed a recurrent back-propagation Neural Network to generate runoff hydrographs. He reported that Neural Network could predict runoff hydrographs accurately, with good agreement between the observed and predicted values. Thirumalaiah and Deo [28] selected a three layered ANN for predicting flood stages. The ANN was trained with back-prorogation, conjugate gradient, and cascade correlation algorithm respectively. They reported that three training algorithms performed equally well in terms of predicting river stages. Back prorogation needed more number of training epochs, and the cascade correlation algorithm needed the least. Atiya et al. [1] applied neural networks to [10] estimated surface runoff for the Tarbela reservoir. The rational formula method was used to determine the surface runoff. The different weighted maps were generated to estimate the overall runoff in a watershed. The weighted soil map, land cover map and slope maps were generated. Tan et al. [27] investigated the feasibility of calibrating rainfall-runoff models over a number of limited storm flow events. For a sub-catchment having a moderate influence from initial soil moisture conditions, the study showed that rainfallrunoff models could be calibrated reliably over a set of representative events provided that the events covered a wide range of peak flow, total runoff volume, and initial soil moisture con- ditions. Joshi and Tambe [17] measured the effect of slope and grass-cover on infiltration rate and run-off under simulated rainfall conditions located in the upper Pravara basin in western India and found variations amongst the plots depending on their slope angles and surface characteristics. The study revealed that the grass-cover was the most effective measure in inducing infiltration and in turn minimizing run-off and sediment yield. Tiron and Gosav [29] predicted short term rainfall from radar data based on feed forward neural network approach. The ANN system with reflectivity values as input variables was trained to predict the rain rate on the ground. The output vector consisted of one variable namely the rain rate measured by a rain gauge on ground level. The efficiency of ANN in the estimation of the rain rate on the ground in comparison with that supplied by the weather radar was evaluated. Faridah and Mahdi [9] used ANN approach for forecasting of long term reservoir inflow using monthly available data. These studies indicated that ANNs achieved some success in runoff prediction. Contributions to the field of fuzzy set theory are plenty. The important development of the theory and application of this novel field was done by Nayak et al. [23] , Nayak et al. [22] , Jain and Kumar [15] , Nguyen et al. [24] , BarretoNeto and Filho [3] , Remesan and Shamim [26] , El-Shafie and Noureldin [8] .
Data collection and interpretation
The study aims at assessing the variation of runoff at the stream gauging station, ''Basantpur'' on river Mahanadi as shown in Fig. 1 . The runoff at Basantpur station represents the total runoff from the Mahanadi catchment upstream of Basantpur. The Basantpur river gauge station chosen for the analysis is maintained by Central Water Comission (CWC). It is situated in the district of Sarangarh, Madhya Pradesh, India at 82°47 0 27 00 longitude and 21°43 0 18 00 latitude. The travel time of flood water from Basantpur to Hirakud is 15 h. The data for different months needed a thorough investigation from the view point of their trends. Division of data for the monsoon and non-monsoon renders quality to the data and enables the neural networks to pick up the pattern. Further division of data to develop model for every month of the monsoon again improved the quality, which is reflected in the efficiency of the models.
Daily water level and daily runoff data of 16 years period from 1990 to 2005 were collected from the Office of the Chief Engineer, Central Water Comission, Bhubaneswar, India. Data are broadly divided into monsoon and non-monsoon type. In the study area, monsoon season spans over JuneOctober. Only monsoon data (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) are taken for developing the runoff rating curve and prediction of runoff. In the first phase of this study, runoff rating curves are developed considering present day water level (H(t)) as input and present day runoff (Q(t)) as the model output. In the second phase of the study, runoff prediction models are developed considering 1 day lag water level (H(t À 1)), 2 day lag water level (H(t À 2)) and 1 day lag runoff (Q(t À 1)) as inputs and 1 day ahead runoff (Q(t + 1)) as the output of the model.
Runoff rating curves and prediction models
Traditionally, the runoff rating curve (flow rating curve or, stage discharge curve) is set up by establishing a relationship between the observed water level and runoff values. Generally, a runoff rating curve is in the form, Q = a(H À H 0 ) b , where Q = runoff in m 3 /s, H = water level in m, H 0 = water level in m at which discharge is zero, a and b are constants. Such a relation is developed by fitting a smooth curve between water level and runoff records. In earlier times, eye judgment was used to draw a curve on a graph. Now, Regression analysis is commonly used to determine constants a and b and H 0 is determined by trial and error. Flow carrying capacity is a function of channel geometry, slope, roughness and tail water level at the channel exit. The single water level runoff curve is considered to be an indicator of channel capacity.
Non-Linear Multiple Regression (NLMR) model
The nonlinearities exist in the samples. Hence non-linear regression models have been proposed for this case. Non-linear regression models are prepared using water level and runoff for model prediction.
The model is developed with the numerical indicator of coefficient of determination or efficiency. The coefficient of determination of NLMR for prediction of runoff is represented in Table 1 .
Prediction of cumulative monsoon flow into Hirakud reservoir using ANFIS model
Prediction of cumulative monsoon inflow into a reservoir is of prime importance from the view point of reservoir management for different purposes including the over year conservation. Many a time, due to the lack of this information, the reservoir managers are in trouble. If the reservoir is operated by following the rule curve devised by the Expert Committee or in a heuristic manner, the reservoir may not be filled up at the end of monsoon. This has occurred many a time in case of Hirakud reservoir in particular and happens in case of other If (10%Flow is High) and (20%Flow is High) then (output is Z) reservoirs also. The above deficiency makes the reservoir incapable to serve up to the satisfaction, during the non-monsoon period. Hence an attempt is made to fill the gap and provide an advisory report to the reservoir managers, so that they can operate the reservoir in such a way that the reservoir is able to be filled up at the end of the monsoon period thereby providing the over year conservation storage. Fig. 2 .
In the upstream catchment of Mahanadi, generally the monsoon starts on third week of June and ends in October. In this study, the onset of monsoon is assumed as 21st June and end of Monsoon as 31st October. Accordingly, the flow in this period is chosen as 100% monsoon inflow into the reservoir.
From the historical data of inflows, cumulative monsoon flow values at different percentage of duration of monsoon are computed. With the information of cumulative inflows in a given year at 10%, 20% and 30% of the duration of monsoon, the developed Adaptive Neuro-fuzzy Inference System (ANFIS) model used to predict 40%, 50%, 60%, . . ., 100% These figures indicate that the learning is almost complete at 475 epochs. The learned membership function is plotted in Fig. 3b . This shows that each variable is attached with three qualifications, viz. ''low'', ''medium'' and ''high''.
The scatter plots and time series plots of modeled verses actual cumulative flows in Figs. 3c-3f reveal that the model can predict the monsoon flow at 100% duration of monsoon, with high accuracy.
The consequent parameters of the fuzzy inference system are shown in Table 2 . The learned fuzzy if-then rules are mentioned in Table 3 . The cumulative flow at 100% duration is given by the equation mentioned below the Table 2. A second ANFIS model is developed to forecast the 100% cumulative inflows with only two inputs, namely, cumulative flows recorded at 10% and 20% of the duration of the monsoon.
The total monsoon flow forecaster with two inputs uses generalized bell membership function, the parameters of which are mentioned in Table 4 . With the inputs of cumulative flow at 10% and 20% of the duration of the monsoon, the predictor is to assess the flow at 100% monsoon duration.
The learned rules of ANFIS based monsoon flow predictor with two rules are shown in tables. Tables 4 and 5 present the  premise and consequent parameters, while Table 6 presents the fuzzy if-then rules. The forecasting rules are presented in Table 7. In this table, Z refers to the cumulative flow at 100% duration of monsoon for a given year.
The minimum RMSE in training and testing phases of the model are 0.0428 and 0.041396. The efficiencies of the model are 0.919 in training and 0.955 in testing phases. The variation of RMSE is shown in Fig. 4a . It is seen that the learning is almost over after 275 epochs.
The graphical indicators of performance, such as the scatter plots and linear plot of actual and modeled cumulative normalized flows are shown in Figs. 4b-4e in training and testing phases of the model.
The landscape view of the decision from the ANFIS model shown in Fig. 5 presents the decision surface of the predicted standardized cumulative inflow in a given year, with the 10% standardized cumulative inflow and 20% standardized cumulative inflow as inputs to the Neuro-fuzzy model.
It is observed that the effect of the 10% cumulative flow is less prevalent, where as the 20% cumulative flow has a decisive impact on the total (100%) cumulative flow in the year under consideration. The above results clearly reveal that the models are well calibrated and the validation is also fit to be acceptable. Hence they can be used as good predictors of the cumulative monsoon flow at 100% duration of monsoon. The effectiveness of the model with three inputs (10%, 20% and 30% cumulative flows) is better than the model with two inputs (10% and 20% cumulative flows), which matches with the natural observation. In cases, from administrative view point or from planning point of view, when it is required to predict the total flow in the very beginning of the monsoon, the model with two inputs can serve the purpose. This can later on be strengthened by the model with three inputs.
Analysis of runoff using GA-NLMR model
The relationship between run-off (Q(t)) with combination of control factors (H(t), H(t À 1), Q(t À 1)) is obtained using NLMR for month of June-October as given Table 8 The suffixes minimum (min) and maximum (max) in Eq. (2) show the lowest and highest value of rainfall (H(t)), penalty mate rainfall (H(t) À 1) and penalty mate runoff (Q(t) À 1) from period 2003-2007 for June-October. Genetic Algorithm (GA) is used to obtain the optimum value of the control factors that maximizes the objective function. The rationale behind the use of genetic algorithm lies in the fact that it has the capability to find the global optimal parameter settings whereas the traditional optimization techniques are normally trapped at local optima. An important characteristic of genetic algorithm is the coding of variables that describes the problem. The most common coding method used in this work is binary code which transforms the variables to a binary string. As the problem has more than one variable, a multi-variable coding is constructed by concatenating as many single variable coding as the number of variables in the problem. Genetic Algorithm processes a number of solutions simultaneously. Hence, in the first step a population having P individuals is generated by pseudo random generators whose individuals represent a feasible solution. This is a representation of solution vector in a solution space and is called initial solution. This ensures the search to be robust and unbiased, as it starts from wide range of points in the solution space. The population is then operated by three main operators; reproduction, crossover and mutation to create a new population of points. In the next step, individual members of the population are evaluated to find the objective function value.
The computational algorithm is implemented in Turbo C++ and run on an IBM Pentium IV machine. Different population size, probability of crossover and mutation are set and the maximum runoff is obtained. Number of generation is varied till the output is conversed. Model developed by NLMR for month of June-October is then taken into GA model to obtain the maximum runoff as indicated in Table 9 . It has been observed that at Population size of 30, probability of crossover (0.5) and mutation (0.95), maximum runoff predicted by GA is for month of August. 
Sensitivity analysis
Sensitivity analysis has been carried out for the months of June, July, August, September, and October with varying population size, cross over and mutation probability at different levels, i.e. 1, 2, 3, 4 and 5. In the present work population variation has been taken for five different levels where as cross over and mutation has been considered for three different levels, to study the performance characteristics as shown in Table 10 . Figure 6 Maximum runoff for the month of June. Similar patterns of performance characteristics has been observed for all the cases (June, July, August, September and October). Hence sensitive analysis graph for the month of June is presented here for reference. As shown in Fig. 11 , it has been observed that with increase in population size, runoff increases and ceases after population size of 30 at cross over of 0.5 and mutation probability of 0.95. It is observed from Fig. 11 that at 0.1 cross over, runoff increases and there is no significant variation of runoff after increasing the cross over from 0.5 to 0.9 at population size of 30 and mutation probability of 0.95. With increase in mutation probability from 0.1 to 0.95 (at population size of 30 and crossover of 0.5), runoff increases and marginally drops after 0.5; and is found to be stabilized at 0.5 as shown in Fig. 11 .
Conclusions
In the present study non-linear multiple regression technique is employed for developing runoff rating models and runoff prediction models during monsoon period for the basin upstream of Basantpur gauging station of Mahanadi river, India. The results of this study show that the models developed for monsoon period can predict the runoff from the Mahanadi basin upstream of Basantpur site on a daily basis using historical information of water level. Hence these models can also be effectively utilized for interpolating missing data and for testing accuracy of other models. The results of Adaptive Neuro-fuzzy Inference System indicates the effectiveness of the model with three inputs (10%, 20% and 30% cumulative flows) is better than the model with two inputs (10% and 20% cumulative flows), which matches with the natural observation. GA based evolutionary optimizer has been used to identify optimum process parameters in which runoff is maximum. It is found that for the month of August runoff is maximum as compared to other months.
